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Abstract—Human service organizations (HSOs) operate in an
environment considered to be prohibitive of collaboration. To
understand how HSOs come together to address the grand
challenges associated with meeting human needs, we attempted to
automatically construct the network of HSOs based on the infor-
mation publicly available through each organization’s website–
the medium that people use to find relevant information to access
services. Our analysis of the the complex system of relationships
among HSOs in Albany, New York suggests that the network of
HSOs in this area exhibits a multipolar structure with few super
connectors, and strong relations between organizations that serve
similar functions. We quantitatively evaluate the quality of the
constructed HSOs’ network from Web data based on structured,
in–person interviews we conducted with HSOs.

Index Terms—Computational social science, applied network
science

I. INTRODUCTION

Human service organizations (HSOs) [1] operating within

a region are often faced with the dual pressure to compete

as well as coordinate their operations to enhance delivery

of human services (e.g., food, shelter) [2]–[5]. Because of

this dilemma, it has long been suspected that HSOs may be

operating in a relatively self–contained manner, leading to a

potentially redundant, confusing, or incoherent configuration

of services [6]–[9]. Nevertheless, critical insights into how

HSOs are connected to one another beyond administrative

coordination are limited [5], [10]. A network of HSOs can

be constructed from interview data, where nodes represent

organizations and edges denote partnerships between such

organizations. However, interview data may be difficult if not

prohibitive to obtain due to reasons including, but not limited

to, (i) resource constraints (e.g., unavailability of HSOs’ staff

for interviews), (ii) low HSO response rate [11], and (iii)
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scalability (i.e., the time required to collect data from face–

to–face in–depth interviews prohibits using the same method

for a large number of HSOs).

To address this challenge, we take a data–driven computa-

tional social science approach, by using the Internet to collect

data about how HSOs connect to one another. Specifically,

we systematically collect semi–structured information from

HSOs’ websites, including their mission and scope and partner

organizations, into a directed and attributed network, where

nodes denote HSOs and edges represent partnerships between

them. We focus on HSOs in the metropolitan area surrounding

Albany, the capital of the New York state. Albany, the 4th

largest metropolitan region in the state, and the 45th largest

in the U.S., is a multiracial and multiethnic city that contains

nearly 99, 000 residents (on average 52% White, 29% Black

or African American, 9% Hispanic or Latino, 6% Asian, and

growing refugee populations)1 and a high concentration of

human service providers and service organizations related to

government, health care, and education [12].

The advantage of using websites to collect information

about HSOs is twofold. First, they are easy to collect; websites

are publicly available online and their content is machine–

readable. Second, they provide rich and semi–structured data

in the form of explicit connections between documents, that

can be used to translate the data directly into a network,

which can be subsequently analyzed to provide insights into

the interactions among HSOs. The disadvantage of using Web

data is that it may lead to an imperfect representation of the

actual network of partnerships between HSOs, since HSOs

may choose not to list their partners on their websites or they

may use offline resources such as printed books similar to

yellow pages to connect to other organizations.

To evaluate the quality of the constructed network from Web

data (as opposed to interview data), we performed a small–

scale evaluation based on structured, in–person interviews of

43 HSOs in Albany, New York between April and October

2018. Our results indicate that although many HSOs may not

disclose their actual partners on the Web, information that is

available can indeed be collected with very high accuracy.

1http://www.census.gov/programs-surveys/acs/technical-documentation/
table-and-geography-changes/2014/5-year.html
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in the real–world, and GI be the network of HSOs and the

partners each HSO disclosed to us during the interviews.

Additionally, let GC denote the network constructed by our

crawler with the interviewed HSOs as the seed list. Finally,

let G′ ⊆ GC be the refined constructed network obtained

after human experts exclude irrelevant organizations, such

as medical centers, from GC . Note that organizations not

mentioned during the interviews can still be discovered online.

We denote such “surprise” nodes as Vs = {v|v ∈ VG′ −VGI
}.

An illustrative example of these networks is shown in Figure 1.

For reference, the sizes of GI , GC and G′ are 256, 503, and

75 respectively, while the size of G is unknown.

Next, we evaluate the quality of our crawler, as well as the

availability of partnership information on providers’ websites.

Specifically, we compute the precision and recall of our

crawler by comparing GC to G′. With a recall of 92%, our

crawler is able to discover partnerships in a given website

quite accurately. However, this comes to the expense of

efficiency, quantified by a low precision (15%), indicating that

in its current state, our crawler cannot effectively discriminate

between irrelevant organizations and HSOs. This is due to

the fact that it only relies on url suffix and the address of

organizations to exclude potentially irrelevant organizations

and organizations operating outside of our study site. In our

current work, we are exploring machine learning methods

to improve the precision of our crawler. Finally, to evaluate

the correspondence of partnership information listed online

to the real–world, we rely on GI as a coarse approximation

of G, and use it as the ground truth. Among the interviewed

organizations, only 5 list partners on their website, and among

all listed partners, only 7 organizations are also mentioned as

partners during the interviews. This results in a recall of 7%,

implying that most organizations do not disclose their actual

partners on their website. At the same time, 55% precision

indicates that only a small fraction of partners is actually

disclosed during the interview process.

D. High Level Statistics

Here, we compare the properties of the network of HSOs

(i.e., G′) with other technological and biological networks in

the literature. We find the ratio of the total number of edges to

the number of nodes to be ∼ 1, even though the distribution

of the number of partnerships differs widely among organiza-

tions. This confirms the long suspected hypothesis that service

providing organizations operate in silos [6]–[9]. Similarly, the

degree of symmetry in the network is only 0.33%. Although

the percentage of symmetric links in the largest connected

component increases slightly to 0.37%, it is significantly lower

than values reported for other complex networks [20].

We now look at clustering, which quantifies the degree of

how densely the neighborhood of a node is connected. Not

all nodes are connected in one cluster. Instead, the network of

human service providers comprises 8 connected components,

the largest of which encompasses 96.4% of the network. The

global density of the network, measured by its clustering

coefficient, is c = 0.013. In a random network with the

same number of nodes (i.e., |V |) and degree d, crand =
d

|V | = 0.0025. Next, we examine the properties of shortest

paths between organizations in the large weakly connected

component (WCC). We found the average path length and

diameter to be 5.35 and 13, respectively. For comparison,

in a random network with the same number of nodes and

average degree, the expected diameter is
ln(d)

ln(|V |) = 1.03,

whereas the average path length on the Web, if it were to

be treated as an undirected graph, is 7 [21]. We additionally

computed a variance of relative diameter for each category k,

by considering the subgraph composed of nodes Vk ⊆ V in

k, and using as edge length between two nodes i, j ∈ Vk the

shortest path between such nodes (potentially through nodes in

V \Vk). The inset in Figure 3 illustrates the computation of this

relative diameter per category on a toy network with nodes into

two categories, indicated by blue circles and orange squares,

respectively. Note that by definition the relative diameter for

each category is less than the diameter of the network, as

even the longest shortest path between any two nodes in the

network is less than the network diameter. The reason for

using this atypical definition of relative diameter is to study

the connectivity between organizations embedded in the larger

network. Simply filtering nodes by category would result in a

disconnected subgraph of G, and thus ignor potential pathways

between nodes in Vk through nodes in V \ Vk. In sociology,

this is known as the boundary specification problem [22].

Figure 3 shows how the relative diameter varies across

categories. Intuitively, categories represented by only few

nodes, such as 15 (International, Foreign Affairs & National

Security), 20 (Social Science), and 23 (Mutual & Membership

Benefit) tend to exhibit smaller diameters compared to larger

categories. A large diameter may be indicative of larger paths,

however, it may also be interpreted as a way of identifying

categories whose nodes are dispersed across the network (i.e.,

categories with high diameter) as opposed to categories whose

nodes may be forming closely connected groups.

IV. SUPER–CONNECTORS AND ELITES

While the network of HSOs resembles social and technolog-

ical networks, there are significant differences. Most notably,

the network is not a small–world since the average path

length between nodes in the giant component and the network

diameter are large (c.f. Section III-D). By comparison, the

network of Fortune 800 firms in the 1970s, although of similar

size, was shown to have a much smaller diameter [23]. The

existence of long paths indicates limited coordination of HSOs.

A small number of nodes of very high degree connects

a large number of organizations to the rest of the network.

Such super–connectors can be empirically confirmed by testing

for a heavy–tailed degree distribution. To test how well the

in– and out–degree distributions are modeled by power–law,

we calculated the best power–law fit using the maximum

likelihood method [24], which minimizes the Kolmogorov–

Smirnov statistic, D, between the cumulative distribution

function of the data and the power law: α̂ = argmaxa D,

where D = maxx|Pemp(x)−Pa(x)|, and Pemp(x) and Pa(x)









By collecting partnerships between HSOs from the Web,

we constructed and analyzed their relationships network, and

described some of its salient characteristics. Specifically, we

analyzed the topological structure of this network to identify

structurally important nodes and communities, and study the

interactions between different categories of service–providing

organizations. We discovered that unlike other social, techno-

logical and biological networks with a small–world structure,

the network of HSOs is characterized by a multipolar structure

with few super connectors, and strong relations between

organizations that serve similar functions.

One possible criticism of our study is that it does not

account for network evolution. In fact, given the notorious

dynamism of the Web, there is no guarantee that a webpage

available at any given point in time is going to be online in-

definitely. In the context of human service organizations, lack

of resources and funding may exacerbate the unavailability of

information on the Web. In the face of such dynamism, one

could argue that our snapshot of the network of HSOs from

web data may not provide a good representation of the system.

Our rationale for using the Web as our data source is that this

may be the medium that people use to find and access relevant

information while searching for service providers.

In future work, we plan to expand the set of organizations

in our dataset beyond the area surounding Albany to the state

of New York, beyond states in the U.S., and even beyond

countries so as to get a more representative view of the

networked human services. Second, we plan to extend our

Web crawler so as to identify partnerships not only from

textual data but also from images and PDF files. Third, we

plan to examine and evaluate the stability of the network of

HSOs over time. Finally, the paper only presented a subset

of the possible analyses that can be performed using the

collected data. In future work, we plan to examine multi–

layer network representations to improve the insights into the

complex network of human service organizations.
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